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Abstract 
Intensity Duration Frequency (IDF) curves form the basis for quantifying the magnitude of rainfall events those are 
used in the design of a variety of civil infrastructure, especially in an urban environment. It is important that the 
capacity of urban infrastructure (e.g. storm sewers, culverts, and storm water management ponds) be appropriately 
sized to avoid overdesigned or underdesigned, which could lead to economic losses, increased property damage and 
possible increased risk of loss of life. Thus, obtaining high quality estimates of IDF curves is important. Uncertainty 
in IDF curves is usually disregarded in the view of difficulties associated in assigning a value to it. Latin Hypercube 
Sampling (LHS) and regional frequency analysis based on L-moments approach were utilized in order to estimate the 
uncertainty in the IDF curves based on historical extreme precipitation quantiles from different stations in the Langat 
River Basin. Uncertainties of the rainfall intensity in IDF curves were estimated with the bootstrap sampling method, 
and were described by a GEV distribution. Shape parameter, scale parameter, and location parameter, were modeled 
as the functions of rainfall duration and rainfall intensity using 103 LHS set samples for all the durations and return 
periods considered for each rainfall station.  
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1. Introduction  
Drainage and flood control structures are commonly designed to handle specific storm events derived from historical 
and point rainfall IDF curves based on the assumptions that rainfall spatial distributions and temporal patterns will 
remain unchanged throughout the design lifetimes of the infrastructures. The success of those designs depended on 
the accuracy of the IDF characterization of extreme rainfall events and spatial variation. However, inherent 
uncertainties involved in estimates, analysis and assumptions used in the preparation of rainfall spatial and temporal 
patterns data might violate these assumptions, affecting the reliability of the IDF curves and their use for designing 
drainage system and assessing flood vulnerability of a specific location.  
The uncertainties in extreme rainfall event estimation have been analyzed in research to investigate the impact of 
climate change [1, 2, 3] and to estimate the impact of uncertain input to stormwater system design [4, 5]. Many attempts 
have been made to quantify uncertainties in rainfall frequency analysis [6, 7, 8,3]. In general, the uncertainty in rainfall 
frequency analysis comes from data and sampling errors. The data uncertainty is originated from measurements errors 
resulting from instrumental, human errors, and inadequate representativeness of a data sample due to temporal and 
spatial variability of the data. The use of a limited quantity of rainfall data (such as data of short record length) in the 
frequency analysis introduces sampling uncertainty, which is transmitted eventually to the design rainfall amount and 
adopted hyetograph [9].  
To quantify the parametric uncertainty in IDF, bootstrap procedure that is based on resampling technique [10, 11, 
12, 13] is employed. The bootstrap [14] is a computational procedure that uses intensive resampling with replacement, 
in order to reduce uncertainty [10]. In addition, it is the simplest approach since it does not require complex 
computations of derivatives. Hessian-matrix inversion involved in linear methods, and the Monte Carlo and LHS 
solutions of the integrals involved in the Bayesian approach [15]. Bootstrap technique has been used successfully in 
hydrological modeling, and it is the topic of current research. Documented applications of bootstrap ranges from 
estimating means, confidence intervals, parameter uncertainties and network design techniques (e.g. [16]). 
In this paper, through LHS technique, samplings from a GEV distribution were fitted to the original precipitation 
extreme observations; a large number of bootstrap samples are constructed. LHS and regional frequency analysis based 
on L-moments approach were utilized in order to estimate the uncertainty in the IDF curves based on historical extreme 
precipitation quantiles from different stations in the Langat River Basin. Uncertainties of the rainfall intensity in IDF 
curves were estimated with the bootstrap sampling method and were described by a GEV distribution. 
 
2. Methodology  
2.1. Study Area  
The study area is located in the upstream of Langat River Basin, The Langat River Basin lies in the mid western part 
of Peninsular Malaysia and involves two states viz. Selangor State and Negeri Sembilan State, part of the Klang Valley 
and also the Putrajaya Federal Government Administrative Center. (Figure 1) 
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Figure 1. Study area location 
 
2.2. Rainfall data analysis 
The fifteen minutes’ rainfall data from 18 rainfall stations are collected from the Department of Irrigation and 
Drainage (DID) Malaysia (Figure 2).  
 
Figure 2 Rainfall Stations 
The annual maximum rainfall is among the important parameters in hydrological studies that can be used for the 
purpose of flood design. The rainfall series from 2000-2013 were derived and plotted for different sites (Figure 2). To 
estimate the less probable maximum rainfalls with high return periods, the extreme data have been fitted to 11 
theoretical probability distributions, including GEV, Gamma, Gamma (3P), Normal, Lognormal, Lognormal (3P), 
Logistic, Generalized Logistic, Gumbel (Maximum Extreme Value Type 1), Exponential and Exponential (2P). The 
parameters of each distribution were estimated using one of the methods of moments, maximum likelihood, least 
squares and L-moment. The choice of the method for estimating the parameters, where possible, has been based on 
the least intensive computation. In general, the assessment indicated that the GEV distribution was better fitted to the 
annual maximum rainfalls at all the sites of the study area. L-moments method has been used to estimate the parameters 
of this distribution. The GEV distribution is a flexible three-parameter model that combines the Gumbel, Frechet, and 
Weibull maximum extreme value distributions. The cumulative distribution function for GEV distribution is: 
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Where  is rainfall and, ɐand Ɋ are shape, scale and location parameters, respectively. For visual assessment of 
goodness of fit, the observed data are plotted against their corresponding GEV distribution values. 
 
2.3 Uncertainty Analysis Method 
 
A study was conducted herein to investigate the uncertainty involved in IDF curves. Sampling is the initial step for 
most uncertainty analysis. The parametric bootstrap technique base on LHS sampling was applied for estimating 
confidence interval of IDF curves. 
The bootstrap, introduced by [14], is a technique for determining the accuracy of statistics in circumstances in 
which confidence intervals cannot be obtained analytically, or when an approximation based on the limit distribution 
is not satisfactory [10, 11]. There are two basic approaches to the bootstrap: (1) Nonparametric bootstrap, which is 
based on resampling with replacement from a given sample and calculating the required statistic from a large number 
of repeated samples (it is often termed ‘resampling’), (2) Parametric bootstrap that randomly generates samples from 
a parametric model (distribution) fitted to the data and calculates the statistics from a large number of randomly drawn 
samples. In this study, the parametric bootstrap was applied to GEV distribution fitted to observation rainfall data.  
The principle of the parametric bootstrap is to provide a way to simulate repeated data from the fitted distribution. 
3. Results 
3.1. Estimated parameters and quantiles 
The GEV distribution parameters: “location” İ , “scale” Į and “shape” ȟ were estimated for all the durations. the 
estimation was obtained as the mean of the ensemble of estimates computed by repeating 1000 times the LHS 
resampling. Since scale invariance has been assumed, GEV location parameter İ and GEV scale parameter Į were 
dimensionless: the only dimensional parameter is the scale coefficient, measured in mm and representing the average 
rainfall depth for unity event duration (Table 1). The shape parameter ȟ assumes values around zero: the GEV 
distribution reduces to a Gumbel distribution in the limit ȟ = 0. 
      Table 1.  Estimated GEV parameters for D = 15, 30, 60, 90 and 120 minutes, standard deviationsare estimated by 
LHS  in the parametric bootstrap resampling algorithm and given between brackets. 
 Location ( İ) Scale (Į) Shape  (ȟ)  
15 28.635(0.359) 6.983(0.248) 0.0775(0.0027) 
30 47.117(0.758) 10.621(0.569) 0.1383(0.0033) 
60 67.11(1.604) 15.412(1.270) 0.1740(0.0034 
90 75.67(2.037) 17.413(1.531) 0.1389(0.0033) 
120 78.09(2.720) 20.091(2.101) 0.1576(0.0033) 
       Parameter estimation is obtained for each synthetic series, i.e. at each duration, by applying the L-moments 
algorithm.  
3.2. IDF curves uncertainty estimation  
The bootstrap method was employed to assess the uncertainty. This method considers only the uncertainty due to the 
estimation of the GEV parameters and sampling errors. For each of the 1000 bootstrap samples, the relations between 
the GEV parameters and duration were re-estimated using generalized least squares, so that 1000 DDF curves could 
be constructed. The uncertainty of design rainfall was represented as the confidence interval at the confidence level 
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of 95%. There were two methods to describe the relationships between the rainfall intensity and the confidence 
intervals: the analytical method and the resampling method. In both methods, the sample sets were fitted with the 
GEV distribution using L–moments [17]. 
 
 
Figure 3. Rainfall IDF curves and 95%confidence interval (uncertainty band) for the return periods of 5, 25, 
50 and 100 years (Vertical axis is Rainfall intensity (mm/hr) and Horizontal axis is rainfall duration) 
Figure 4. Variation of uncertainty band in different rainfall durations (Vertical axis is Rainfall intensity 
(mm/hr) and Horizontal axis is return period (Year)) 
 
       The uncertainties in design rainfalls could be very large. An issue is raised when examining the confidence 
intervals related to storm durations. IDF curves provide the confidence intervals for durations of 15 min, 30 min, 60 
0
50
100
150
200
0 50 100 150
5Yr
0
50
100
150
200
250
0 50 100 150
25Yr
0
50
100
150
200
250
0 50 100 150
50Yr
0
100
200
300
0 50 100 150
100Yr
0
100
200
300
0 50 100
15Min
0
50
100
150
200
250
0 50 100
30Min
0
50
100
150
0 50 100
60Min
0
50
100
150
0 50 100
90Min
0
50
100
150
0 50 100
120Min
431 Yuk Feng Huang et al. /  Procedia Engineering  154 ( 2016 )  426 – 432 
min, 90 min and 120 min. However, the design rainfall for stormwater system design could be over any of these 
durations, depending upon the hydrologic characteristics (e.g. time of concentration) of the catchment. The confidence 
limits are needed to compare with the expected values of the design rainfall selected. Therefore, interpolation or 
regression of the confidence intervals is necessary in addition to the regression of the expected values of design rainfall 
intensities. Figure 3 illustrates the IDF curves for the Langat River Basin. The cautionary note in the upper left corner 
indicates the large range of the confidence intervals. The 5 y return period event of 15 min duration rainfall is estimated 
to be 153.6 mm/h as an expected value, with a 95% confidence interval of ±12.1 mm/h, which is almost ±7.8% of the 
expected value. Consequently, designers are looking at a design rainfall intensity, which could be any value from 
141.5 mm/h to 165.7 mm/h, reflecting the 95% confidence interval.  
       According to the DDF curves and their 95 % confidence bands for longer return periods (T), uncertainty increases 
substantially (Figure 4). Figure 4 shows the uncertainty band decreasing with increasing rainfall durations. This 
outcome was expected since the accuracy of long duration data normally is higher than the short duration.  Figure 5 
shows the uncertainty bands in different rainfall durations, and the curves reveals that confidence intervals increased 
with increasing return periods.    
 
4. Conclusion  
Uncertainty in design rainfall estimates can be arisen from different sources, such as poor quality data, limitation in 
record length, model type, and parameter estimation procedures. A method is presented in this paper to quantify 
uncertainty in design rainfall estimates based on LHS. The proposed method involved the use of LHS simulation 
technique, where 1000 estimates of rainfall quantiles for a given average recurrence interval were generated from the 
fitted GEV. The GEV distribution was defined by bootstrapping of the observed annual maximum (AM) series of 
15min rainfall duration at the selected stations. This bootstrapping method provided estimations of the mean and 
standard error for the parameters of the GEV distribution, and their correlation structure. The proposed LHS simulation 
technique was enhanced by adding other sources of uncertainty (e.g. data quality and trends in the AM rainfall data), 
which would enable to define uncertainty in the final design rainfall data.  
       The design rainfall intensities obtained from the IDF curve regression equations might be exceeded more 
frequently than the design return period. Modelers should compare these intensities with the corresponding confidence 
intervals to decide which of the intensities (the upper confidence limit or the interpolated expected value) should be 
used in modeling.  
 References 
[1] Fowler, H. J. and C. G. Kilsby. 2003. “A Regional Frequency Analysis of United Kingdom Extreme Rainfall from 
1961 to 2000.” International Journal of Climatology 23 (11): 1313–34.  
[2] García-Ruiz, J. M., J. Arnaéz, S. M. White, A. Lorente and S. Begue- ría. 2000. “Uncertainty Assessment in the 
Prediction of Ex- treme Rainfall Events: An Example from the Central Spanish Pyrenees.” Hydrological 
Processes 14 (5): 887–98.  
[3] Coles S., Pericchi L.R., Sisson S., (2003) A fully probabilistic approach to extreme rainfall modeling, J Hydrol, 
273, pp. 35–50 http://dx.doi.org/10.1016/S0022-1694(02)00353-0 
[4] Aronica, G., G. Freni and E. Oliveri. 2005. “Uncertainty Analysis of the Inuence of Rainfall Time Resolution in 
the Modeling of Urban Drainage Systems.” Hydrological Processes 19 (5): 1055–71.  
[5] Semadeni-Davies, A., C. Hernebring, G. Svensson and L.-G. Gus- tafsson. 2008. “The Impacts of Climate Change 
and Urbani- sation on Drainage in Helsingborg, Sweden: Combined Sewer System.” Journal of Hydrology 350 
(1–2): 100–1  
[6] Mirzaei, M., Huang, Y., TeangShui Lee, El-Shafie, A., &Ghazali, A. (2014). Quantifying uncertainties associated 
with rainfall depth duration frequency curves.  Natural Hazards-Springer, Volume71,  Issue  2,  pp  1227-1239,  
DOI: 10.1007/s11069-013-0819-3  
[7] Mirzaei, M., Huang, Y. F., El-Shafie, A., Chimeh, T., Lee, J., Vaizadeh, N., et al. (2015). Uncertainty analysis for 
extreme flood events in a semi-arid region. Natural Hazards, Volume 78, Number 3, pp 1947-1960, DOI: 
10.1007/s11069-015-1812-9  
432   Yuk Feng Huang et al. /  Procedia Engineering  154 ( 2016 )  426 – 432 
[8] Huard D., Mailhot A., Duchesne S., (2010), Bayesian estimation of intensity-duration-frequency curves and of the 
return period associated to a given rainfall event, Stochastic Environ Res Risk Assess, 2, pp. 337–347 
http://dx.doi.org/10.1007/s00477-009-0323-1  
[9] Tung, Y. and Wong, C. (2014). Assessment of design rainfall uncertainty for hydrologic engineering applications 
in Hong Kong, Stochastic Environmental Research and Risk Assessment, 28,583–592.  
[10] Efron, B., Tibshirani, R.J., 1993. An Introduction to the Bootstrap. Chapman & Hall, New York.  
[11] Tibshirani, R., 1996. A comparison of some error estimates for neural network models. Neural Computation 8, 
152–163. 
[12] Twomey, J.M., Smith, A.E., 1998. Bias and variance of validation methods for function approximation neural 
networks under conditions of sparse data. IEEE 
[13] Zio, E., 2006. A study of the bootstrap method for estimating the accuracy of artificial neural networks in 
predicting nuclear transient processes. IEEE Transactions on Nuclear Science 53 (3), 1460–1478. 
[14] Efron, B., 1979. Bootstrap methods: another look at the jackknife. Annals of Statistics 7, 1–26. 
[15] Dybowski, R., Roberts, S.J., 2000. Confidence and prediction intervals for feed forward neural networks. In: 
Dybowski, R., Gant, V. (Eds.), Clinical Applications of Artificial Neural Networks. Cambridge University 
Press. 
[16] Tasker, G.D., Dunne, P., 1997. Bootstrap position analysis for forecasting low flow frequency. Journal of Water 
Resources Planning and Management 123 (6), 359–367. 
[17] Hosking, J. R. M. and J. R. Wallis. 1997. Regional Frequency Analysis: An Approach Based on L–Moments. 
Cambridge: Cambridge University Press. 
 
 
 
 
 
